[1] An investigation of the impact of the subgrid-scale variability of cloud liquid water on the autoconversion process as parameterized in a general circulation model is presented in this paper. For this purpose, a prognostic statistical probability density distribution (PDF) of the subgrid scale variability of cloud water is incorporated in a continuous autoconversion parameterization. Thus, the revised autoconversion rate is calculated by an integral of the autoconversion equation over the PDF of total water mixing ratio from the saturation vapor mixing ratio to the maximum of total water mixing ratio. An evaluation of the new autoconversion parameterization is carried out by means of one year simulations with the ECHAM5 climate model. The results indicate that the new autoconversion scheme causes an increase of the frequency of occurrence of high autoconversion rates and a decrease of low ones compared to the original scheme. This expected result is due to the emphasis on areas of high cloud liquid water in the new approach, and the non-linearity of the autoconversion with respect to liquid water mixing ratio. A similar trend as in the autoconversion is observed in the accretion process resulting from the coupling of both processes. As a consequence of the altered autoconversion, large-scale surface precipitation also shows a shift of occurrence from lower to higher rates. The vertically integrated cloud liquid water estimated by the model shows slight improvements compared to satellite data. Most importantly, the artificial tuning factor for autoconversion in the continuous parameterization could be reduced by almost an order of magnitude using the revised parameterization.
Introduction
[2] Low level clouds are important regulators in the climate system due to their cooling radiative effect [Chen and Cotton, 1987; Bretherton et al., 2004] . The radiative properties of these so-called warm clouds (those containing no ice) are defined by the size distribution of their droplets and the horizontal and vertical distribution of cloud liquid water. A dominant physical process in warm clouds is the autoconversion (coagulation) of cloud droplets determining the precipitation formation, and consequently cloud liquid water and cloud cover. Moreover, the autoconversion is the initiating process, which is requisite for the following precipitation generating processes such as accretion (collecting cloud droplets by raindrops) or self-collection of raindrops.
[3] Usually, two approaches are applied to simulate the autoconversion process in general circulation models (GCMs). One uses a threshold mean droplet radius above which autoconversion of cloud droplets occurs to account for the strong non-linearity of the coalescence [Sundqvist, 1978; Boucher et al., 1995; Rotstayn, 1997] . The other approach is a continuous parameterization coupling the cloud liquid water and the cloud droplet number concentration directly. This kind of parameterization can be derived from the stochastic collection equation describing the time evolution of a droplet spectrum [Beheng, 1994; Lohmann and Roeckner, 1996] . Another parameterization for autoconversion in a large-eddy simulation (LES) was developed by Khairoutdinov and Kogan [2000] using a regression analysis of simulated drop spectra. Although this formulation was derived only for the use in an LES, Posselt and Lohmann [2008] showed in their work that it is also applicable in a GCM.
[4] The autoconversion as a local process takes place on a subgrid-scale, but it is parameterized by means of grid-box mean values. This introduces a bias since autoconversion is a non-linear process. Wood et al. [2002] found that the bias in the autoconversion rate caused by neglecting the subgrid-scale variability becomes the larger the coarser the resolution of the model grid is. Furthermore, these biases become strengthened the more pronounced the non-linearity is [Pincus and Klein, 2000] . Wood et al. [2002] showed that autoconversion rates differ by two-order of magnitudes among climate models and cloud-resolving models that participated in a single column model intercomparison study. It is not surprising that the autoconversion process contributes to the uncertainty of modeled climate scenarios.
[5] The tuning of autoconversion [Rotstayn, 2000] intends to obtain realistic accumulated precipitation in comparison to rain gauge networks or satellite retrievals. In coarse GCMs, this is achieved by too frequent precipitation of too low intensity. For example, Nam and Quaas [2012] found much higher frequencies of occurrence of precipitation in the ECHAM5 climate model compared to CloudSat satellite retrievals. A similar issue was reported by Stephens et al. [2010] , who evaluated five different global climate and weather prediction models regarding their simulation of precipitation over the oceans. The investigation reveals that the models produce precipitation too frequent and too light compared to observations. The described problems of modeled precipitation frequencies and intensities can be a result of neglecting the subgrid-scale variability of cloud condensate. Replacing the mean cloud liquid water in the precipitation parameterization by a simulated distribution of cloud liquid water for each model grid-box may reduce the afore-mentioned biases. This can be achieved by applying a PDF of total water mixing ratio emphasizing isolated areas of cloud liquid water, i.e., inhomogeneous cloud fields within a gridbox of GCM. Thus, an increase of occurrence of higher autoconversion rates and a decrease of lower ones is expected.
[6] Several approaches were made to reduce the bias caused by neglecting the subgrid-scale variability of clouds. Rotstayn [2000] was able to increase the critical threshold parameter to a more realistic value by restricting the occurrence of autoconversion to the grid-box fraction determined cloudy by a triangular PDF of total water mixing ratio. A direct incorporation of inhomogeneity within clouds in the continuous autoconversion parameterization derived by Beheng [1994] was made by Zhang et al. [2002] . They used a PDF of a Gaussian distribution to introduce the in-cloud variability of cloud liquid water in autoconversion process. The new scheme was implemented and tested in a Canadian Single Column Model and led to improvements in terms of liquid water path in three analyzed case studies.
[7] Another approach to account for the subgrid-scale variability of clouds and microphysical properties in stratiform precipitation formation was done by Jess [2010] . Simulations with the ECHAM5 climate model show an earlier onset of precipitation and better agreement with observations using a prescribed PDF determined by measurements which distribute cloud droplets and ice crystals over the cloudy sub-boxes. A more complex description for a warm-rain microphysics parameterization taking into account the subgrid-scale variability was developed by Cheng and Xu [2009] . They derived an analytical expression for autoconversion by integrating an equation for the autoconversion rate over a jointdouble Gaussian PDF of vertical velocity, liquid water potential temperature, total water mixing ratio and perturbation of rainwater mixing ratio for simulations in a single column model (SCM). This approach is more applicable to cloud resolving models than GCMs because of the required input for determining the joint-double Gaussian PDF.
[8] In this paper, a revised continuous autoconversion parameterization for warm clouds in a GCM is presented which accounts for the subgrid-scale variability of cloud liquid water. The new parameterization combines the autoconversion parameterization derived by Beheng [1994] with the statistical PDF approach described by Tompkins [2002] using an integral of the autoconversion rate over the saturated part of the PDF. While the old autoconversion parameterization in the ECHAM5 model, which uses the grid-box mean of cloud liquid water, is not consistent with the cloud cover scheme applying already the statistical PDF approach, the new autoconversion parameterization solves this problem. The new scheme allows to vary the shape of the PDF of total water mixing ratio, which is determined through the skewness and distribution width. Accordingly, this revised autoconversion scheme is different to other approaches using simple PDFs [Rotstayn, 2000] or prescribed PDFs derived from measurements [Jess, 2010] . In contrast to the other studies mentioned, the approach comes at little additional computational effort, since the total-water PDF is already determined by semi-prognostic equations in the model, and since the approach taken integrates the autoconversion over the PDF, rather than numerically splitting each grid column into sub-columns. The main purpose of this study is to analyze the impact of the subgrid-scale variability of cloud liquid water on the autoconversion and precipitation process by means of global model simulations compared to other studies considering only certain cases exemplarily [Zhang et al., 2002; Cheng and Xu, 2009; Jess, 2010; Turner et al., 2011] . A further motivation for this study is to find a method to reduce the low precipitation rates being too frequent in the ECHAM5 model [Nam and Quaas, 2012] . The new scheme is evaluated and compared with the original autoconversion parameterization using sensitivity simulations in the ECHAM5 climate model. The modified autoconversion rate and its impact on accretion, vertically integrated cloud liquid water as well as on large-scale precipitation and their statistics are analyzed. In Section 2, the new autoconversion parameterization is introduced and compared with the original scheme. Section 3 describes the different model experiments and methods. The results of the model simulations are analyzed in Section 4, and a section on summary and discussion closes this investigation in Section 5.
2. Introducing the Subgrid-Scale Variability of Cloud Liquid Water [9] In the current version of the ECHAM5 climate model [Roeckner et al., 2003] , the autoconversion rate Q aut derived from the stochastic collection equation given by Beheng [1994] 
where c 1 is a ''tunable'' parameter determining the efficiency of the autoconversion process, and hence, cloud lifetime; n(510) is the width parameter of the initial cloud droplet spectrum, N l the cloud droplet concentration, r the air density and r l the in-cloud liquid water.
[10] To incorporate the subgrid-scale variability of cloud liquid water into the autoconversion process, the PDF approach developed by Tompkins [2002] is used. The approach is already employed to incorporate the subgrid-scale variability of water vapor and cloud condensate in the cloud cover scheme in the model. The scheme uses a beta-function based PDF of total water mixing ratio to calculate the horizontal cloud fraction by an integral of the saturated part of a PDF. Following this statical approach, and assuming saturation within the cloud, the mean cloud liquid water r r l in warm clouds (T . 0uC) is written by Tompkins [2002] as
[11] Thus, the mean cloud liquid water r l is equal to the integral over the difference of the total water mixing ratio r t and the saturation vapor mixing ratio r s , for the PDF of the beta-function G from the saturation vapor mixing ratio to the maximum of the total water mixing ratio distribution, b. G is defined by Tompkins [2002] as
for a # r t # b, p . 0, q . 0 and C as the gamma function, B the beta-function, a and b the minimum and maximum of the total water mixing ratio distribution, respectively, and P and q the shape parameters of the beta distribution. The constraint that equation (3) can only be applied for warm clouds is necessary to exclude the cloud ice from the cloud condensate, which is obtained by the integral of the saturated part of the PDF. The cloud liquid water in equation (1) is replaced by r t 2r s and integrated from r s to b. Consequently, the subgrid-scale variability of cloud liquid water is introduced in the autoconversion process and the in-cloud autoconversion rate turns to the mean value of a grid-box
[12] To obtain the autoconversion rate inside the cloud, equation (6) has to be divided by the cloud fraction C of the respective grid-box:
[13] The implementation of this revised autoconversion scheme into the existing cloud module of the model requires an additional algorithm for numerical integration of the integral in equation (6) and the timeintegration of the autoconversion rate (equation (1)), which has been done analytically in the original formulation. These two technical modifications are described in Appendix A. Moreover, in order to obtain the similar results as with the original autoconversion scheme, it was necessary to fine-tune the model using the constraint that at most 90 % of the cloud liquid water can be converted to precipitation in one timestep.
Methods and Data
[14] The revised autoconversion scheme was implemented in the cloud microphysics of the ECHAM5 climate model [Roeckner et al., 2003 ] to analyze the impact of the subgrid-scale variability of cloud liquid water in the autoconversion parameterization derived by Beheng [1994] . For this purpose, one-year simulations with an hourly output interval were carried out with the ECHAM5 model after a three-month spin-up period. Five different model experiments were performed using a horizontal resolution of T42 (2.8u62.8u or approx. 310 km at the equator) and a vertical resolution of 19 levels with the uppermost pressure level at 10 hPa (T42L19). Observed monthly mean sea surface temperature and sea ice data of 2004 were used as boundary conditions for the model experiments as in AMIP [Gates et al., 1999] .
[15] In two control experiments, the autoconversion parameterization derived by Beheng [1994] (orig-b) and the autoconversion parameterization given by Khairoutdinov and Kogan [2000] (orig-kk) were used with the standard version of the ECHAM5 climate model [Lohmann and Roeckner, 1996] . The new autoconversion parameterization was applied with two different values of the autoconversion tuning parameter c 1 in equation (1). In an untuned experiment (rev), c 1 was set equal to 15 as in the standard ECHAM5 configuration and, in a retuned one (adj), equal to 2 which results in an approximate balance of the net radiation (sum of net shortwave and longwave fluxes) at the top of the atmosphere (TOA). Moreover, in a further experiment labeled kk, the autoconversion parameterization derived by Beheng [1994] was replaced by an alternative parameterization Q aut~1 350(r l =C) 2:47 N {1:79 l developed by Khairoutdinov and Kogan [2000] in order to test whether the observed impact of the incorporated subgrid-scale variability of cloud liquid water is restricted to the original autoconversion parameterization. The implementation of the alternative parameterization was carried out in the same way as described in Section 2 and Appendix A using the equation for the in-cloud autoconversion rate:
[16] In the experiment (kk) the factor in the equation for the autoconversion rate has not been changed and applied as proposed by Khairoutdinov and Kogan [2000] .
[17] The modeled quantities autoconversion and accretion rate, liquid water path (LWP) and large-scale precipitation rate, which are affected by the modified autoconversion parameterization are compared to ones in the control experiment.
Results

Changes in Autoconversion
[18] A comparison of the new (rev) and the original (orig-b) autoconversion parameterization reveals considerable differences in the mean autoconversion rates (Table 1) , in the range of the autoconversion rates and in the distribution of their occurrence (Figures 1a and 1d) ) than the original one. Only autoconversion rates higher than 10 27 kg kg 21 s 21 are slightly more often generated by the original scheme, which is nevertheless dominate the mean value. In general, this result seems reliable, because the introduction of subgrid-scale variability of cloud liquid water should reduce the occurrence and increase the amount of autoconversion compared to the use of the grid-box mean values. The fact that some very high autoconversion rates occur less frequently in the revised version is due to some feedbacks in cloud processes.
[19] The impact of modified parameterizations of the new scheme can be seen in the mean values (Table 1) and occurrence distributions of the autoconversion rates (Figures 1b and 1d ). In the retuned version of the scheme (adj), the mean autoconversion rate is 0.26 times lower than in the original scheme due to the decreased tuning factor from 15 to 2 in the autoconversion equation (1). Accordingly, its occurrence distribution is shifted to lower autoconversion rates and the maximum is somewhat lower compared to untuned version. The alternative autoconversion parameterization (kk) produces a mean autoconversion rate, which is 0.85 times lower related to original scheme, and the narrowest and highest occurrence distribution of all experiments. A direct comparison of the new and old scheme using the alternative autoconversion parameterization given by Khairoutdinov and Kogan [2000] (Figure 1c) shows that the observed shift of occurrence from lower to higher autoconversion rates is not limited to a particular representation of the autoconversion process, but a result of the introduction of the subgrid-scale variability of cloud liquid water into this process.
Impact on Accretion
[20] The autoconversion process in the model also affects the accretion process which can be seen in Table 1 and Figures 2a-2d . In the microphysics scheme in the model, the accretion rate Q racl derived from the stochastic collection equation [Beheng, 1994] is parameterized in two terms:
, r l =C as in-cloud liquid water, r as air density and c 2 as tunable parameter. The two terms consider the two contributions to the rain water within a grid-box at a given time-step, namely the rain water falling into the volume from above, and the rain water formed within the grid-box due to autoconversion in the given time-step. The first term simulates the falling mass mixing ratio of rain r rain into the covered part C pr of the grid-box, and the second one the rain production during the timestep Dt by autoconversion. Consequently, the accretion rate contains the autoconversion rate directly, but it is also included indirectly by rain generated via autoconversion and decreased cloud liquid water.
[21] The mean accretion rate (averaged over all cloudy grid-boxes of the entire 3D model domain for one year at hourly intervals) is increased by a factor of 3.3 using the new autoconversion scheme (rev) compared to the original scheme (orig-b). This can be mainly explained with the increase of cloud liquid water in the lower atmosphere in the high latitudes where the highest amount of cloud liquid water occurs (Figures 3a and 3b) . The maximum of the occurrence distribution of the accretion is slightly shifted to lower rates, but the maximum broadened over a larger range of accretion rates (also to higher values). Moreover, a reduction of the occurrence of low rates occurs when applying the new autoconversion scheme.
These findings can be explained by the increased occurrence of high autoconversion rates represented in the second term of equation (9). The fact that the retuned experiment (adj) shows a quite similar distribution of accretion rates with higher mean cloud liquid water than in the untuned experiment (see Section 4.3) (Figures 2a  and 2b ) implies that the collection process of cloud droplets by falling raindrops plays only a secondary role.
[22] Changes in the mean rate and the distribution of the accretion rate can also be seen in the modified parameterizations of the new autoconversion scheme (Figures 2b and 2c) . The maximum occurrence of accretion rates in the retuned version of the scheme (adj) is somewhat lower and the left side of its distribution tends towards lower rates compared to the untuned one (rev). As a result, the mean rate is 2.3 times higher than the one in the original scheme. The alternative autoconversion Figure 1 . Six-hourly joint-histograms of in-cloud autoconversion rates from all model levels, (a) untuned version of new scheme (rev) against the original scheme (orig-b), (b) retuned version of the new scheme (adjust) against the original scheme (orig-b) and (c) an alternative parameterization (kk) against the original scheme (orig-kk). (d) Distribution of in-cloud autoconversion rates calculated by the original scheme (orig-b), the untuned (rev) and retuned (adj) version of the new scheme as well as by an alternative autoconversion parameterization (kk) from all model levels of one year. parameterization (kk) exhibits a higher occurrence maximum than the untuned and retuned version, and the left side of the occurrence distribution is shifted towards higher rates. Thus this scheme simulates the highest mean accretion rate with a factor of 4.6 above the mean of the original scheme caused by the strong increase of cloud liquid water in the lower and middle atmosphere (Figure 3d ). The indirect impact of the modified autoconversion scheme on the accretion rate can also be seen in the parameterization derived by Khairoutdinov and Kogan [2000] (Figure 2c ) which is a result of the accretion formulation in the model.
Impact on Cloud Liquid Water
[23] A modification of the autoconversion process in the model has a direct impact on the bulk of cloud liquid water, but also the accretion process modified again by the autoconversion of cloud droplets affects the cloud liquid water as explained before in Section 4.2.
Increasing the cloud liquid water flow in both processes decreases the liquid cloud water, but the autoconversion is generally the more important one since it initiates the precipitation process in warm clouds. Furthermore, it should be noticed that the precipitation generation in convective clouds, and the precipitation originating from mixed-phase and ice clouds, all of which are not directly affected by this parameterization change, also have a substantial impact on the cloud liquid water. In the experiment using the untuned version (rev) of the new autoconversion scheme, the mean LWP is 0.82 times lower than the one applying the original scheme (orig-b) with 61 gm 22 . This seems curious since the mean autoconversion rate is also decreased in this experiment. However, at the same time, the mean accretion rate is increased by a factor of 3.37 overcompensating the reduction in the autoconversion. A different result is obtained when the autoconversion is further decreased as in the retuned experiment (adj). In this one, Figure 2 . Six-hourly joint-histograms of in-cloud accretion rates from all model levels, (a) untuned version of new scheme (rev) against the original scheme (orig-b), (b) retuned version of the new scheme (adjust) against the original scheme (orig-b) and (c) an alternative parameterization (kk) against the original scheme (orig-kk). (d) Distribution of in-cloud accretion rates calculated by the original scheme (orig-b), the untuned (rev) and retuned (adj) version of the new scheme as well as by an alternative autoconversion parameterization (kk) from all model levels of one year. the mean LWP is increased by a factor of 1.34, whereas the mean accretion rate is lower than in the untuned one and increased only by a factor of 2.29 compared to the control experiment. This implies that at a certain amount of autoconversion the accretion process does not (over)compensate the reduction of the autoconversion anymore.
[24] The zonal mean distribution of the LWP simulated by the untuned version of the new autoconversion scheme is always lower than the one by the original scheme, except for the region around 60u N where the untuned scheme retains more cloud liquid water in the atmosphere (Figure 4) . In order to asses roughly the changes in LWP simulated by the model compared to observational data, the column liquid cloud water from MODIS Atmosphere L3 Gridded Products (Liquid Water Cloud Water Path: Level-2 Quality Assurance Weighted Mean) is used with a horizontal resolution of 1u. This L3 variable was calculated applying the Quality Assurance weighting information from the L2 product [King et al., 2003] . A general increase of cloud liquid water in all regions can be observed in the retuned experiment, which gives a better agreement with the MODIS-derived column liquid cloud water compared to the original scheme. The very high cloud liquid water in the polar regions shown in the observational data may be unrealistic and due to the retrieval methods of MODIS [Seethala and Horváth, 2010] . However, the retuned new autoconversion scheme overestimates the cloud liquid water somewhat around 60u N. The fact that both untuned and the retuned version of the new scheme show higher values of cloud liquid water around 60u N than the control experiment may be related to deficiencies in the parameterization of the simulated PDF of total water mixing ratio over land [Weber et al., 2011] . The LWP simulated with the alternative autoconversion parameterization (kk) (Figure 4 ) indicates that there is still a need for a tuning factor even when this LWP is closer to the observations in the high latitudes.
[25] The new scheme leads to an increase of cloud liquid water in the lower atmosphere over the high latitudes and to a reduction in the mid-latitudes and Tropics caused by feedbacks between the autoconversion process and cloud liquid water (Figures 3a-3d) . Interestingly, the reduction of the tuning factor in the retuned experiment (adjust) results in an increase of cloud liquid water in the middle atmosphere over the mid-latitudes and Tropics (Figure 3c ), which may caused by the non-linearity of the cloud liquid water term in the autoconversion process.
Impact on Large-Scale Precipitation
[26] The autoconversion of cloud droplets to raindrops in warm (T.0uC) and mixed phased clouds (235uC # T , 0uC) is the crucial process for generating large-scale precipitation. On the one hand, it produces raindrops being the prerequisite for the accretion process (collection of cloud droplets by falling rain) and, on the other hand, it decreases directly the amount of cloud liquid water. The autoconversion also indirectly affects the accretional growth of falling snow by collecting cloud droplets. This microphysical process contributes also to the large-scale precipitation.
[27] The untuned version (rev) of the new autoconversion parameterization simulates almost the same mean large-scale precipitation rate P as the original one (orig-b) with 0.047 mmh 21 (with a negligible difference of 20.0005 mmh 21 ), whereas the retuned version (adj) causes a small reduction by 22.1 %. Since surface temperatures, and thus to a first order also the evaporation rates, over oceans are fixed, the small differences are expected. The slight change in the adj version is due to a cooling of the land surfaces, and subsequent reduction in evaporation over land, due to the strong increase in cloud LWP. This increase by 34.4 % can not be explained solely by the small reduction of large-scale precipitation; rather it is due to the compensation of a reduction of convective precipitation over land in the Tropics following the land surface cooling.
[28] An analysis of changes in occurrence of largescale precipitation in the model domain is made taking into account those rates being equal or larger to a value of 0.01 mmh 21 at which precipitation is considered as measurable [Glickman, 2000] . Precipitation rates lower than 0.01 mmh 21 contribute only 1.2 % to the accumulated precipitation, but have a frequency of occurrence of 65 %. This high value is a result of the fact that ECHAM5 artificially produces very small precipitation rates down to 10 215 mmh 21 virtually always in hourly model output (which means that there is almost no gridbox where the precipitation rate is exactly zero). The artificial precipitation is a result of a missing threshold trigger value that initiates the formation of precipitation. A similar problem is observed in simulations of the HIRHAM regional climate model, whose convection scheme tends to artificially produce light precipitation [May, 2008] .
[29] The precipitation rates are roughly classified in three categories, the characteristics of which are shown for the control experiment on a global scale (Figures 5a  and 5b) . The first category, low precipitation containing grid-boxes with rates between 0.01#P#0.1 mmh 21 , has a frequency of occurrence of 24.5 % globally, and contributes 16.5 % to the accumulated precipitation in the control version of the model. Moderate precipitation rates classified by 0.01#P#1.0 mmh 21 contribute the most of all categories to accumulated precipitation with 56 %, but have a frequency of occurrence of only 9.7 %. The lowest occurrence with 0.7 %, but a contribution of 26.2 % to total precipitation, has the category labeled here as high precipitation rates containing grid-boxes with rates higher than 1.0 mmh 21 .
[30] Applying the new autoconversion scheme, the frequency of occurrence of low precipitation rates is decreased moderately by 23.5 % in the untuned experiment and considerably, by 211.6 %, in the retuned one (Figures 5c and 5d) . Furthermore, in the retuned experiment, the occurrence of high precipitation rates is increased by 1.3 % in comparison to the control experiment (note that these numbers are for only the largescale precipitation, not including the contribution by convective precipitation). The reduction of low precipitation rates and the increase of the high ones in the retuned experiment result from the shift of the autoconversion occurrence from lower to higher values (see Section 4.1).
Summary and Discussion
[31] A revised continuous autoconversion parameterization for warm clouds in a GCM accounting for the subgrid-scale variability of cloud liquid water is presented. The new parameterization combines the autoconversion by Beheng [1994] with the statistical approach developed by Tompkins [2002] using an integral of the autoconversion rate over the saturated part of the PDF of total water mixing ratio. The new scheme was implemented and applied in the ECHAM5 climate model in order to evaluate the impact of subgrid-scale variability of cloud liquid water on the autoconversion process. For this purpose model experiments with a horizontal resolution of 2.8u62.8u (T42) and 19 vertical levels were carried out using the prescribed sea surface temperature and sea-ice distribution of 2004. Results obtained by the new autoconversion scheme were compared to the ones by the original parameterization considering the autoconversion rate and the affected quantities accretion rate, cloud liquid water and large-scale precipitation. Moreover, column liquid cloud water derived from MODIS was used to asses the simulated LWP.
[32] The results show that accounting for subgridscale variability of cloud liquid water in the autoconversion process leads to an increase of occurrence in higher autoconversion rates and to a reduction of lower ones compared to the parameterization using the mean cloud liquid water. This achievement is considered as improvement since it leads to a shift of the frequency of occurrence of large-scale precipitation from lower to higher rates, which was one of the aims of this study. The result can be explained with the applied PDF of total water mixing ratio simulating the distribution of cloud liquid water with horizontally inhomogeneous cloud fields in a model grid-box more realistically, i.e., emphasizing specific areas of high cloud liquid water (thick clouds).
[33] It is shown that the increase of occurrence in higher autoconversion rates and the reduction of lower ones are not limited to certain autoconversion parameterization [e.g., Beheng, 1994] . Similar results were achieved with an alternative autoconversion parameterization derived by Khairoutdinov and Kogan [2000] which has less sensitivity to cloud liquid water. This suggests that the incorporation of subgrid-scale variability of cloud liquid water in the autoconversion process will probably also lead to similar results with different autoconversion parameterizations in other models. We expect that threshold based schemes will behave similar to the high-nonlinear Beheng's formulation [Beheng, 1994] because effectively they are also very non-linear in cloud water mixing ratio. A further important achievement is the reduction of the tuning factor in the autoconversion parameterization from 15 to 2. Thus the revised model allows for a tuning factor much closer to the ''perfect'' factor of 1.
[34] The modified autoconversion parameterization also causes a change in the distribution of accretion rates resulting from the coupling of both processes. The new distribution of the accretion rates resembles the one of the autoconversion rates with an increase of occurrence of higher rates and a decrease of lower ones compared to the original parametrization. Both autoconversion and accretion process affect the amount of cloud liquid water in the atmosphere. A general increase of cloud liquid water is observed in the lower atmosphere over the high latitudes and a reduction in cloud liquid water over the mid-latitudes and the Tropics. In particular, the revised model version simulates a much higher amount of cloud liquid water and, additionally, an increase of cloud liquid water in the middle atmosphere over the mid-latitudes and Tropics.
[35] The incorporation of subgrid-scale variability of cloud liquid water into the autoconversion parameterization for warm clouds causes a shift of the frequency of occurrence of large-scale precipitation from lower to higher rates. This achievement may lead to a reduction of the discrepancies between the occurrence of precipitation rates derived from CloudSat satellite retrievals and the modeled rates being overestimated for lower rates and underestimated for higher rates found by Nam and Quaas [2012] . A further improvement of the new autoconversion parameterization is the fact that the calculation of the cloud liquid water using the statistical PDF scheme by Tompkins [2002] is now consistent with cloud cover scheme, which already applies this statistical PDF approach.
[36] It is interesting to note the non-linearity of the response of precipitation to the modification of the autoconversion rate. The feedbacks of the cloud water path to the changes in autoconversion may yield either sign of the resulting precipitation to a reduction in initial autoconversion efficiency. This result may be important in the scientific debate about effects of anthropogenic aerosols on autoconversion rates, which commonly are interpreted as leading to reduced precipitation rates [Albrecht, 1989] .
[37] However, it has to be mentioned that there are still differences between the modeled moments, variance and skewness, determining the PDF of total water mixing ratio and observations [Weber et al., 2011] . This study found that the variance (distribution width) is globally underestimated over the continents in the low latitudes, and the skewness is overestimated in the Tropics by the subgrid-scale variability scheme producing positive skewness while observations show negative skewness in this region. Therefore, it is likely that the results achieved in this work will change in future when the deficiencies in the parameterization of these moments are corrected. Preliminary tests show that an increase of distribution width of the PDF and allowing negative skewness in the model will cause a further shift to higher autoconversion rates, and potentially to higher large-scale precipitation rates. Thus, the tuning factor in the autoconversion equation may be eliminated completely with an improved scheme of the subgrid-scale distribution of cloud water.
Appendix A: Notes on Implementation of the New Autoconversion Scheme
[38] The autoconversion process is implemented in the cloud module, where cloud microphysics such as condensation and evaporation is determined. These processes have a strong impact on the bulk of cloud liquid water affecting the autoconversion rate. Since these processes are calculated before the autoconversion rate is computed, the in-cloud water is not anymore consistent with distribution width and skewness of total water mixing ratio and cloud fraction. Consequently, there is a need to recompute these quantities to obtain consistency for the use in the autoconversion scheme.
[39] Moreover, in the original autoconversion scheme, the calculation of the autoconversion rate and the timeintegration are performed implicitly. Both procedures had to be separated using the third-order Runge-Kutta method for the time-integration before the implementation could be carried out. The third-order of the RungeKutta method was chosen because it gives the closest results to the formerly applied implicit time-integration compared to the first and second-order method. Because of the replacement of the implicit time-integration, it was necessary to implement a constraint that the entire cloud liquid water can not be converted to precipitation in one timestep. This constraint was set to 90 % being a result of model fine-tuning in order to get the same results as with the original model parameterization.
[40] A crucial point was to find an applicable integration method, which was easy to implement and had low computational costs. The Simpson's rule is a method for a numerical integration approximating a definite integral. Some tests of this method with different shapes of the PDF resulted in a good approximation with an error lower than 1 % using 100 supporting points. Because of the third-order Runge-Kutta timeintegration, the integration of the saturated part of the PDF of total water mixing ratio has to be calculated three times. After each calculation, it is necessary to reestimate the defining quantities (total water mixing ratio, its maximum and its skewness) of the PDF using the equations introduced by Tompkins [2002] . A change of cloud condensate Dr mic c (mic 5 microphysics) due to the autoconversion process results a change of the maximum of total water mixing ratio 
where b is the maximum of total water mixing ratio, r s the saturation mixing ratio (always equal higher to the minimum of total water mixing ratio a in cloudy situations considered here) and r c the cloud condensate. The index one below r mic c represents the new mean cloud condensate after the first time-integration. Afterwards, Db mic and the new total water mixing ratio r r t,nz1 are used to calculate the new shape-parameter q n+1 q nz1~b zDb mic {a ð Þ p r r t,nz1 {a {p: ðA3Þ p is the shape-parameter being set constant equal 2 and b the quantity containing the value before the time-integration. Then, the new b n+1 can be estimated b nz1~ r r t,nz1 {a ð Þ pzq nz1 p za:
[41] After the last time-integration, the autoconversion rate is divided by cloud fraction of the respective grid-box to relate the rate to the cloud.
